We formulate and analyze a profit maximization problem for one participant (aggregator) in a multiperiod electricity market with the consideration of profit fluctuations caused by uncertain photovoltaics (PV) output. We first introduce an aggregator's prosumption model, whereby an energy demand/supply profile can be achieved by adjusting the dispatchable devices, e.g., energy storage management systems and fossil fuel generators. Then, the uncertainty issue stemming from the PV profiles is handled by a classical stochastic programming framework and a robust optimization framework. A dispatchable tuning cost function is discussed based on the two frameworks above, and the distribution of the particular cost is analyzed. The simulation results show that although both of the two frameworks are able to overcome the PV uncertainty, an average strategy gives a higher expected value of profits with a higher risk (a larger variance) while a worst-case strategy gives a lower expected value of profits with a smaller risk.
Introduction
As one of the most critical issues of the 21st century, global warming has been stimulating the integration of renewable energy (RE) into a power market. In the forthcoming RE revolution, smart grid technology is envisioned to play a pivotal role in redesigning the conventional business pattern.
In recent decades, the inexhaustible solar power, one of the most representative REs, is gradually penetrating our daily life. The environmentally-friendly property of solar energy is promising to invoke the replacement of traditional energy. However, the output of the photovoltaics (PV) panel, a device transferring solar power into electric energy, is vulnerable to the solar irradiation fluctuation, which makes the production of the particular energy uncertain. Therefore, how to tackle the uncertainty and accept a larger amount of the specific RE become challenging.
Literature Review
In the RE-based power grid, we are expected to overcome the uncertainty mentioned above. As a promising facility, the storage management system (SMS) is able to tackle the troubles when we integrate solar energy in a local power grid [1] . The SMS can not only absorb the surplus PV energy but also complement the shortage when solar power is limited. Besides, the entire controllability of the battery unit can also lead the SMS available [2] . Based on the merits above, nowadays, making the most of the SMS is becoming an attractive challenge.
One prospective method is to predict a bunch of possible PV power profiles in advance and seek a proper approach to mitigate the inherent uncertainty, namely, the scenario-based approach (SBA). Specifically, from an optimization perspective, * the SBA can be implemented either by a stochastic programming (SP) or a robust optimization (RO) framework. By regarding the uncertain PV power as many profiles, the SP can be extensively studied in economic dispatch issues, e.g., see [3] - [6] and the references therein. Additionally, the RO framework is another common option to deal with the uncertainty, whereby a market participant would pursue an optimal profit under a particular worst-case condition, e.g., see [7] , [8] and [9] . In the frameworks above, the non-convexity caused by an intrinsic two-stage decision structure is tackled by a constraint generation or a cutting plane algorithm. Although the reliability based on the RO is higher than the one based on the SP, the solution of the RO is more conservative than its counterpart.
To quantify the influences of the PV power uncertainty, in the work [10] , [11] , they introduce an indicator when the SP is implemented. The specific indicator is used to evaluate the financial risk caused by uncertain parameters. However, a disadvantage of this scheme is apparent that it does not concern the worst case which might be fatal to a decision maker, e.g., if the worst PV profile arises in the real time, the decision maker has to expend unexpected money, financial risk, to guarantee the scheduled power flow which has been decided one day before in the day-ahead market.
Preliminaries on the formulation of power flow in this paper are based on [12] . The work introduces a multi-period dayahead market, in which the aggregator, a market participant of interest, submits the energy interaction curve to an independent agency. A concept of prosumption is applied to describe a scenario in which the aggregator schedules both the supplying and the demanding energy amounts and submits the combined schedules to the day-ahead market.
Contribution of the Present Paper
Inspired by the concerns above, in this paper, we apply the concept of the prosumption to the market activity and investigate the effectiveness of the SP-and RO-based frameworks with the consideration of the profit fluctuation of the market JCMSI 0001/20/1301-0009 c 2018 SICE participant.
Specifically, our contributions in this work are that we investigate an energy collection entity (aggregator) where the uncertain solar energy is considered. For two particular optimization frameworks, we derive the associated optimal prosumption curves for the aggregator of interest. Furthermore, we analyze the dispersion performances of the profits and discuss the limitations and contradictions when the SP-and RO-based frameworks are applied, respectively.
Organization of the Paper
This paper is organized as follows. In Section 2, we describe the preliminary knowledge of a solar power integrated system. In Section 3, a dispatchable device cost is derived, and the relationship between the profit and the associated PV profile is discussed. In Section 4, the SP-and RO-based strategies are implemented, and the yielding results are analyzed. In the last section, the conclusion and the discussion are addressed.
Notation
We denote the set of real values by R, the set of nonnegative real values by R + , the set of negative real values by R − . The bold font indicates vectors. The symbol 1 represents the T dimensional all-ones vector, A T represents the transpose of a vector A. The symbol |A| represents the cardinality of the set A.
Power Flow Preliminaries
In this work, the target aggregator consists of a finite number of residents who are willing to join the day-ahead electricity market. For the aggregator of interest, we assume that the PV panels and the SMS have already been installed, and a manager owns the authority to access all the dispatchable devices including the SMS and a diesel generator. The temporal horizon is considered in a multi-period manner, i.e., the timeslots set is T := {1, . . . , T }, where T presents the number of the timeslots. The term multiperiod indicates that the timeslots of interest are coupled, the reason for which would be clear at the end of this section. Henceforth, we refer to a vector in the paper as a profile and a curve interchangeably. Furthermore, the power profile x ∈ R T between the aggregator and the market is bi-directional, which implies that the aggregator can either supply energy to or buy power from the market [12] . The aggregator is assumed to be a price-taker, which indicates that he accepts any value of energy price λ ∈ R T + provided by the market. The diagram of the whole system is presented in Fig. 1 . Concerning the configuration above, let us introduce a mathematical model of the system.
Uncertain PV Energy Profiles
In this paper, let us assume that the PV power profiles are well predicted in advance, i.e., inside the predicted PV profiles set, there exists a profile identical to the actual PV profile which would arise in future.
To be specific, firstly, we denote the predicted profiles set as P := {p 1 , p 2 , . . . , p N }, where N is the number of the PV profiles. Secondly, we denote the element of the set as p ∈ P. Additionally, let us assume that the probability π p of each profile is equal, i.e., π p 1 = . . . = π p N = 1/N, indicating that the PV prediction profiles are independent and identically distributed (i.i.d.).
Aggregator's Prosumption Model
Concerning the specific solar energy configuration above, the decision-maker (aggregator) tries to manage his dispatchable devices to adjust the power interaction. As a result, he submits the energy deficit/surplus amount as a profile x := (x 1 , . . . , x T ) ∈ R T to the day-ahead electricity market at the particular operation time spot. Note that, the aggregator as a prosumer can be both an energy provider and a consumer, implying that the prosumption curve x has to be able to distinguish those two states.
The energy interaction profile x can be interpreted by a power flow equation concerning one particular PV power profile p,
where x is the prosumption profile, whose value reflects the direction of the power flow, e.g., the positive value corresponds to the power outflow, indicating that the aggregator is an energy supplier; the negative value implies that the aggregator runs as an energy consumer. Providing one PV power profile p ∈ R T + , g ∈ R T + denotes the power generated by the fossil fuel generator devices; l ∈ R T + denotes the energy demand of the aggregator. Let us suppose that the uncertainty of demand prediction can be combined with that of PV prediction. Therefore, in this paper, to emphasize the penetration of renewable energy, it is reasonable to assume that the demand amount l is fixed. The symbols η in ∈ R + and η out ∈ R + denote the charging and discharging efficiencies, respectively; δ in ∈ R T and δ out ∈ R T denote the charging and discharging amount of the battery system, see [12] for details. To summarize, the aggregator regulates his dispatchable devices to charge δ in , discharge δ out , and generate energy g based on the price λ, the load l, and the PV energy output p and then submits the prosumption profile x to the day-ahead electricity market.
Dispatchable Devices Constraints
In this part, the physical constraints of the dispatchable devices are addressed. Let us denote the generator's output profile as the vector g = (g 1 , . . . , g T ), then constrain the production by
where g max represents the maximum amount of the generator's output at each timeslot. Likewise, let us denote the charging and discharging profiles by δ in = (δ in 1 , . . . , δ in T ) and δ out = (δ out 1 , . . . , δ out T ). Concerning the SMS, both of the two profiles are constrained by the inverter capacity, δ. The corresponding constraint sets can be denoted as
Furthermore, we constrain the state of charge (SoC of the storage system) by the lower bound of the storage capacity C and the upper bound C. Then, let us denote by Δ all the feasible region of the SMS as follows:
where
which indicates that the accumulation of the SoC would be limited larger than the cap and smaller than the cap at each timeslot.
Dispatchable Devices Cost
Conforming with the constraints mentioned above, let us formulate the dispatchable devices cost function following the study of [12] . The cost of the SMS caused by discharging degradation, C : Δ out → R + is denoted as
where c B ∈ R + denotes the cost coefficient.
In addition to the cost, the energy storage at the terminal timeslot is another effect that needs to be considered. The amount of the stored power depends on the initial energy s 0 and the profiles of both charging δ in and discharging δ out . Hence, the energy storage function s : Δ all → R is defined as
where s 0 denotes the energy deviation from the neutral energy amount, which is assigned as the half capacity of the storage system; additionally, we define δ := (δ in , δ out ).
For the sake of the economy, batteries are anticipated to charge as much energy as possible at the terminal timeslot. To this end, a functionS : Δ all → R is defined to evaluate the potential profit as follows:
where λ T ∈ R, assumed to be given, denotes the energy price at the terminal time spot. According to the discharging degradation and its terminal storage profit, let us define the cost function of the storage system D : Δ all → R as
Remark. In this paper, for the sake of simplicity, we suppose η in = η out = 1. The ideal setting here only has a slight effect on the aggregator's decision-making process. The reason can be addressed in two aspects: 1) from the theoretical point of view, the concavity of functionS (·) does not change the convexity of the function D(·). 2) from an engineering perspective, as for the lithium-ion battery system, the charging and discharging efficiency is close to 99%; even the efficiency of a connected inverter can be taken as close to 95%; see e.g., [13] .
For the diesel fuel generator, whose cost function G : G → R + is defined as
where c G ∈ R + denotes the generator cost coefficient. Concerning the cost functions above, a devices cost function C all : G × Δ all → R can be defined as follows:
According to (11) , we observe that, at the terminal slot, the power remaining within the storage system can also bring profit to the aggregator. Therefore, we state that the profit generated during one timeslot is coupled with the others, and the proposed term multiperiod captures this characteristic.
Profit Fluctuations Analysis
In this section, we derive a dispatchable devices tuning cost (DTC) function based on the preliminaries in Section 2 and then introduce a profit function for each possible PV power profile.
Dispatchable Devices Tuning Cost Function
Firstly, some feasible sets are addressed to constrain the aforementioned dispatchable devices. Given one prosumption curve x and one particular PV power profile p ∈ P, the feasible subspace of the dispatchable devices can be denoted as follows:
Then, we define a feasible set for the prosumption curves which are realizable based on all the PV profiles as
According to the configuration above, for the given x and the PV profile p ∈ P, we minimize the dispatchable devices cost of the decision-maker (11) as follows:
s.t. set (12) is satisfied;
besides, we refer to F(x; p) as the DTC function. For a fixed x and a given p, (14) is a linear program which can be solved by the existing solvers based on the framework of stochastic programming; see e.g., [14] for more details. Although the predicted PV power profiles are provided in the set P, there is no guarantee that which one would arise in the future, i.e., F(x; p) is not uniquely settled. Therefore, it is necessary for us to investigate the relationship between the uncertain PV power profiles and their associated profits.
PV Realization and Profit
In this part, we firstly define a profit function for the aggregator of interest. The function is denoted as an income, λ T x, from which the DTC with respect to a PV energy profile p ∈ P is subtracted, i.e., F(x; p) , (15) where x ∈ X, and λ ∈ R T denotes the energy price in the dayahead market. For convenience, let us use a subscript ω to distinguish different PV power profiles, and refer to p ω ∈ P as a PV realization. Thus, according to the profit function above, given one particular PV realization p ω , we desire to solve the following issue to attain the optimal profit J ω with respect to the decision variable x ω :
If we take all the PV realizations into consideration, the associated profits can be denoted as
besides, let us denote the associated optimal decision variables as x * ω . According to Proposition 1, J 1 , . . . , J N can be easily solved because of the convexity of the associated DTC function F(·).
Since the PV realization is uncertain, it is not easy to choose a proper optimal prosumption curve x * ω ∈ {x * 1 , . . . , x * N } as the submission for the aggregator. To make the decision covers all the possible realizations, in the next section, we implement the RO-and SP-based frameworks to deal with the uncertain issue, respectively.
Strategy Analysis
In the previous section, we have discussed the relationship between a PV realization and the associated profit. In this section, we introduce two optimization frameworks to eliminate the confusion brought by choosing the prosumption curve x.
Let us initiate this section by introducing some basic configurations of the target system. The time interval dimension T is assigned as 24, and each time-slot as 1 hour; battery charging and discharging efficiencies are assigned as η out = η in = 1; the individual inverter limitation is 7 kW; the battery capacity is 14 kWh; the maximum output of the generator is limited as 1000 kW; the load profile l is given as one constant vector; the price profile λ is given as one known vector; the cost parameter of the fuel generator c g is 18; the cost coefficient associated with the battery degradation c b is 1; the battery initial energy s 0 is assumed to be 0; the terminal electricity price λ T is 4 Japanese yen. Since the region covered by the aggregator of interest is limited, in this work, the area of the total PV board is assumed as 2000 m 2 . Additionally, the work is implemented on a laptop computer with 2.5 GHz Intel Core i7 CPU and 16 GB RAM. Software [16] is applied to solve the problem.
The Average-Cost Strategy (ACS)
In this subsection, let us investigate the expectation of the profit function (15) with respect to the uncertain PV realizations. We attempt to maximize the expected value
which can be rewritten as
which is also known as an SP issue. Note that, the strategy above also indicates that, for all the possible PV realizations, the associated optimal prosumption curves x * ω submitted to the market are identical, i.e., x * = x * 1 = · · · = x * N .
Illustrative example
Since the problem (17) is given as a nested convex form, we can directly apply a convex optimization solver to conduct the calculation. To clearly show the framework, let us present a demonstration in Fig. 2 . In the figure, the top panel demonstrates nine predicted PV profiles sampled from a given prediction region. Note that the PV profile prediction is not the primary interest of this paper; readers may refer to [17] for more details. The second panel depicts the prosumption curve x generated based on the adjustment of the SMS and the generator described by the bottom two panels, respectively.
ACS-based DTC analysis
In the previous part, we show an illustrative example in which x * ω is uniquely decided by the cooperative operations of the SMS and the generator under a nine-profile PV realization condition. However, the above demonstration does not reflect enough information about the distribution of the profit. To this end, let us discuss more details about the solutions by selecting 1000 PV profiles from the given predictions region; see [17] . Note that, to keep consistency, profiles demonstrated in Fig. 2 are also incorporated within the new-generated 1000 PV profiles. By solving (17) , we obtain the associated optimal decision variable as
Then, let us substitute x * acs to (14) , for all the PV realizations p ω ∈ P, we can obtain the corresponding DTC values of F(x * acs ; p 1 ), . . . , F(x * acs ; p N ) depicted as in Fig. 3 . According to statistics, almost 900 out of 1000 realizations have a DTC less than 500 yen. However, some other DTC values are even 30,000 yen larger than the majority, although the proportion is small. Thus, it delivers a message that although most of the DTC values lie in a lower-cost region, unexpected high costs might bring unacceptable financial troubles to the decision-maker.
The Worst-Case Strategy (WCS)
In the subsection above, we have considered the expected value of the profit function concerning the given PV realizations. The drawback mentioned above would make the aggregator suffering from the trouble of the low profit.
To get rid of the unexpected low profit caused by the PV realization uncertainty, let us implement a strategy in which the possible largest DTC is considered, namely, the worst-case strategy. The underlying idea is that if the worst case is feasible, the associated decision-making process is reliable. Accordingly, the problem can be formulated as
which can be regarded as an RO issue.
Remark. Solving (18) is an intractable task, since F(x; p) is a convex function on p for each feasible x, and to maximize a convex function is not easy. We may confront a trouble in solving max p∈P F(x; p) , i.e., maximizing a convex function with respect to p.
To deal with the difficulty above, according to [7] , firstly, we derive the dual problem of (14) , and recast the PV profile at timeslot t, p t ∈ [p t , p t ], by a new variable z t ,
wherep t and p t denote the upper and lower bounds of the PV power output at timeslot t, respectively. Secondly, let us reformulate (18) as follows:
where C dual denotes the suitable constraints in the dual formulation; C x and C t denote the associated dual and bilinear coefficients, respectively. By applying a constraints-generation approach to solve (19), we can derive the optimal decision variable x * wcs ; readers may refer to [7] and references therein. Likewise, let us substitute x * wcs to (14) to attain the associated DTC F(x * wcs ; p 1 ), . . . , F(x * wcs ; p N ) depicted as in Fig. 4 . Fig. 4 DTCs of the RO-based strategy.
According to the figure above, it is evident that the DTC based on the WCS is damped and close to 0. The result indicates that the WCS performs better in overcoming the DTC's fluctuation.
Profits Comparison
In the previous two subsections, we have discussed the DTC performances based on the ACS and the WCS, respectively. In this subsection, we further investigate the associated profits. To this end, let us substitute x * acs and x * wcs to (15) , respectively, whereby we can attain the profit with respect to one particular PV realization p ω ∈ P by ACS With respect to all the PV realizations p ω ∈ P, the histogram of J ω acs and J ω wcs are shown in Fig. 5 . In the figure, the larger and the embedded plots indicate the resultant profits based on ACS and WCS, respectively. The ACS-based profits expand the possible values in a broad range on the profit axis. Although most of the ACS-based profits gather around the value of 8000 yen, several extreme negative cases, which might bring financial risk to the decision-maker, also exist. On the contrary, the WCS-based profits, shown in the subplot, are much tighter in a small range, which even can be ignored.
Accordingly, from the perspective of the risk aversion, the WCS overcomes the profit fluctuations caused by the uncertain PV realizations. However, here is a contradiction that the expected profit brought by the WCS, −722 yen, is much smaller than that based on the ACS, 6050 yen. Therefore, we can estimate that the WCS is suitable for the aggregator whose financial situation is not strong enough to undertake the risk bringing by the extreme lower profit. Conversely, under a rational assumption, if the aggregator prefers a higher payback and ignores the large loss with low possibility, the ACS is a better strategy to take. Note that, concerning the messages delivered in the previous two subsections, we notice that both the ACS and the WCS have their own suitable application scenarios.
Conclusion and Discussion
In this work, an aggregator prosumption model has been introduced, whereby the decision-maker can interact with the market by adjusting his storage management system and diesel fuel generator. To deal with an uncertainty issue stemming from the PV realizations, we have implemented an average-cost and a worst-case strategy. Furthermore, the validity of the applied strategies have been verified, and the distribution of the profits is discussed.
Concerning the messages delivered in the simulation, we notice that both the ACS and WCS are limited in the real world application. Motivated by this issue, in future work, we expect to investigate another strategy to seek the trade-off between the two existent approaches by taking the aggregator's financial situation into account.
